This paper proposes a new framework of measuring technical efficiency that takes into account adjustment costs in variable inputs associated with changes in efficiency. We look closely at the implicit assumption in any model of technical efficiency that inputs could freely adjust. Yet, the technical efficiency is determined from the allocation of inputs by the firm to production on the one hand and to efficiency on the other. We show that technical efficiency depends on adjustment costs in variable inputs. Estimating the proposed model has certain complexities that we overcome by employing a non-parametric Local Linear Maximum Likelihood (LLML). In the empirical section, we employ a comprehensive global banking sample and estimate bank alternative profit efficiency across a plethora of countries with strong variability in the underlying adjustment costs. Moreover, given the observed heterogeneity across countries evidence shows that adjustment costs due to personnel expenses are the highest among advanced countries. Emerging economies show strong potential in terms of efficiency post-financial crisis, mainly due to lower labor adjustment costs. Alas, our findings show some persistence in adjustment costs post the financial crisis.
A C C E P T E D M
A N U S C R I P T 1
Introduction
In this paper we argue that efficiency measurement should take into account the existence of adjustment costs related to changes variable inputs. This is of particular importance in the aftermath of the financial crisis due to dramatic changes in the underlying structural conditions of financial markets. Yet, the literature to this day in all models of technical efficiency remains agnostic regarding the dependency of technical efficiency to adjustment costs in variable inputs. The norm in the literature (Koutsomanoli-Filippaki and Mamatzakis, 2009; Lozano-Vivas A. and Pasiouras F., 2010; Koutsomanoli-Filippaki and Mamatzakis, 2011; Tzeremes, 2015; Tsionas 2015; Bolta and Humphrey, 2015; Galán et al. 2015; ) is to assume that adjustment costs in variable inputs are not significant. However, the technical efficiency is determined from the allocation of inputs by the bank to production on the one hand and to efficiency on the other. The process of this allocation is bound to generate adjustment costs, as variable inputs cannot instantaneously change without some loss in efficiency. In this paper, we propose a model that relaxes the assumption of no adjustment costs and as such we measure this adjustment process of technical efficiency.
Despite the importance of correctly measuring technical efficiency and its underlying adjustment costs there is limited evidence (Tsionas, 2006; Kien and Tsionas, 2016; Tsionas, 2016) . There is, of course, an extensive literature on bank efficiency (Altunbas et al., 2001; Koutsomanoli-Filippaki and Mamatzakis, 2009; Lozano-Vivas A., Pasiouras F., 2010; Koutsomanoli-Filippaki and Mamatzakis, 2011; Bolta and A C C E P T E D M A N U S C R I P T 4 Humphrey, 2015; Galán et al. 2015 ) that this paper relates to. A common finding of the literature is the high level of cross-country heterogeneity in the global banking industry, (i.e. Altunbas et al., 2001; Lozano-Vivas A., Pasiouras F., 2010; Koutsomanoli-Filippaki and Mamatzakis, 2011; Bolta and Humphrey, 2015; Galán et al. 2015) .
1 Tsionas (2006) show that the variability in bank efficiency in US could be explained by adjustment costs. The author argues that efficiency levels across banks would not homogenously adjust in the short run, as there is some persistence due to heterogeneity in their adjustment costs. We follow Tsionas (2006) lead and herein we closely look at the underlying reasons for any persistence in efficiency by proposing a way to estimate adjustment costs in variable inputs at a global level that would reveal possible variability in efficiency.
2 Moreover, the starting point of our model is the simple observation that the adjustment of technical efficiency for a firm indeed comes at a cost due to changes both in efficiency and in inputs. We provide a non-parametric model that measures such costs. Modeling adjustment costs in technical efficiency comes with some cumbersome estimations implications. To overcome such difficulties we propose to employ a non-parametric likelihood estimation method, opting for Local Linear 1 The literature on bank efficiency is quite vast. A starting point could be traced back to Berger and Mester, (1997) , that seemed to spark various studies thereafter (see for example for European banks, Koutsomanoli-Filippaki and Mamatzakis, 2009; Koutsomanoli-Filippaki and Mamatzakis, 2011 ; whereas for transition economies see Mamatzakis, (2009) , Tsionas et al., (2015) , Gahan et al. (2015) and for the US banking see Tsionas (2015) . It is evident that most of the empirical studies focus on advanced economies and it is not common examine bank efficiency at a global level. This paper fills this gap in the literature in the empirical application section.
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Maximum Likelihood (LLML) in an initial conversion. 3 This LLML allows estimating all adjustment costs of technical efficiency for all banks in our global sample over time.
We employ a global banking sample as our new proposed methodology provides a way for taking into account adjustment costs in alternative profit efficiency, due to variable inputs, irrespectively of the intrinsic characteristics of financial markets. The coverage of the global bank sample is of importance as financial markets, and in particular the banking industry, have been through a remarkable restructuring process, partly because of the financial crisis in 2008 and partly because changes in their underlying productive structure so as to become more efficient. Undoubtedly, adjustment costs play an important role in the restructuring process of the banking
industry. Yet, despite the restructuring steps observed in the banking industry, with some variability, across the world the underlying bank adjustment costs have not been quantified to date. Nevertheless, it is well documented (Demirguc-Kunt and Huizinga, 2010; Mamatzakis et al. 2015; Galán et al., 2015) that banks, since the financial crisis, have targeted operating costs, for example cutting down personnel expenses, aiming to improve their operating performance. 4 The financial crisis has had a cataclysmic impact in rationalizing and scaling down operating expenses as it provided the opportunity step ahead restructuring efforts. In this paper, we argue that bank Henderson and Parmeter (2009) provide a survey of regressions with references to the underlying constraints (see also Kumbhakar et al. 2007; Kumbhakar and Tsionas, 2010) . 4 In the aftermath of the crisis, questions emerged on what went wrong and how it could be corrected.
Much of the attention has focused on the structural reforms needed to restore efficiency in the banking industry. Such voices of bank restructuring across operating costs, and in particular personnel expenses, have not been new as there were present well before the financial crisis (KoutsomanoliFilippaki and Mamatzakis, 2009; Koutsomanoli-Filippaki and Mamatzakis, 2011) . However, the crisis revealed that the warranted structural reforms were delayed, and certainly had not been carried out during good times (Mamatzakis et al. 2015; Galán et al., 2015) . The outcome is higher adjustment costs in the aftermath of the crisis as we demonstrate.
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Moreover, results show that bank alternative profit efficiency has been subdued during the financial crisis in 2008 and 2009. But, there was a decline in bank alternative profit efficiency in advanced economies well before the financial crisis.
Since the financial crisis, there has been a remarkable recovery of efficiency across the world, and in particular in emerging economies as they have managed to exceed their pro-crisis efficiency threshold. Therefore, the recovery in bank profit efficiency since the financial crisis across the world has not been homogenous. We show that adjustment costs in variable bank inputs, in particular the labour input, could explain the observed heterogeneity in bank profit efficiency across the world since the financial crisis.
Thereby, this paper contributes to the existing literature in several ways. Firstly, from a methodological point of view, we propose a new model of bank efficiency that decomposes adjustment costs in variable inputs. Secondly, we focus on global bank alternative profit efficiency, aiming to examine cross-country variability in the underlying efficiency adjustment costs. Thirdly, we examine the underlying relationship between those adjustment costs prior and ex-post to the financial crisis.
Overall, our results reveal striking variability in adjustment costs of alternative profit efficiency across countries, as well as over time. It is worth noticing that higher adjustment costs appear to persist in 2011 and 2012, that is well after the financial crisis, suggesting that improvements in bank efficiency world wide is impended by such persistence.
The rest of the paper is structured as follows. Section 2 develops our new model of efficiency. Section 3 describes the global data set, whilst section 4 discusses our results. Section 5 offers some conclusions.
A new model for bank efficiency
Following Tsionas (2006) who argues that there is persistence in efficiency for US banks, we propose a technical efficiency model that permits searching for underlying causes of such persistence. Moreover, the implicit assumption in any model of efficiency is that inputs could freely adjust. The standard assumption in the literature (see Koutsomanoli-Filippaki and Mamatzakis, 2009; Koutsomanoli-Filippaki and Mamatzakis, 2011; Galán et al. 2015; Kien and Tsiona, 2016; Tsionas, 2016) is that the efficiency is determined from the allocation of inputs by the firm to production on the one hand and efficiency on the other. This allocation implies that efficiency cannot be adjusted without adjustment cost and, therefore, any change in efficiency would require the use of resources. Therefore, the adjustment costs should be taken into account. Such adjustment costs we argue here depend on changes in variable inputs. This dependence is that, in the input-output space, the level of efficiency really depends on the use of inputs and the capacity to produce output(s).
The bank optimisation problem: revisited
In detail, given a production function , inefficiency is given by the function , which is assumed twice differentiable. 5 The cost minimization problem becomes:
The inefficiency function depends also on control variables but we omit this dependence in what follows, for simplicity. The first order conditions to the problem are:
where
In alternative form we have the conditions:
where are cost shares.
To simplify notation, define the elasticities:
5 For simplifying the analysis we would refer to inefficiency.
to obtain:
Using logs we have:
assuming y is redefined to be in logs,
v ,...,v are error terms, provided, of course, that:
In the system of equations (6), the endogenous variables are the x's. We can easily generalize to multi-output production provided we have an output distance function as:
instead of the first equation in (6), where outputs are 1M y ,...,y and . At this point it is useful to assume that all x's and y's are, in fact, defined in log terms and the vector x contains as well. For the output distance function we assume a translog form:
The function u(x) is assumed unknown. Information about u(x) is provided by the output distance function and the first order conditions in (6) where its elasticities are involved. Our strategy is to estimate non-parametrically the system in (6) and obtain the unknown function u(x) subject to the constraint u(x) 0  as well as the elasticities
allowing for the endogeneity of x's.
A non-parametric estimation of efficiency
To proceed with the nonparametric estimation consider the Jacobian of transformation from v to x in (6) as:
Given the translog specification we have:
However, the other expressions in (10) are complicated as the function u(x), and therefore its derivatives, are unknown. To proceed, we define the vector of residuals from (6):
Let us suppose for the sake of simplicity in presentation that . Then the parametric likelihood of (6) if we knew the functional forms would have been given by the following:
where indices  it stand for individual banks and time respectively.
Of course, as the functional forms are unknown, the parametric likelihood is not feasible. We use, instead, the method of Local Linear Maximum Likelihood (LLML) to convert (13) to a non-parametric likelihood. In the method of LLML we specify the u(x) function as follows:
where  o is a constant and a Î K is a parameter vector.
To avoid the normality assumption we introduce heteroskedasticity of unknown form as follows. 7 Given the Cholesky decomposition ( ) ( ) ( )   x H x H x we assume that each element of () Hx, denoted by
, has the following representation:
where  os is a constant and a (h),s Î K are parameter vectors.
We denote the entire vector of local parameters by  . Given these specifications the conditional local log likelihood function for the linear local fit at x is defined as follows:
Kz is a kernel function.
We, therefore, choose the following kernel function:
where B is a bandwidth matrix.
For the kernel function we assume:
for some positive constant 2 m .
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The kernel function is derived as a product of univariate kernels along the lines of Kumbhakar et al. (2007, section 2. 3). Specifically, we opt for:
Ku is a symmetric univariate probability function (the standard normal in our case) and D denotes the dimensionality.
In this case
Thus, the log likelihood in (13) can be maximized using standard numerical optimization techniques to yield local linear estimates ˆ() 
Data and Variables
We start the construction of our sample by including all the countries and thereby the corresponding banks available in the Bankscope database. 9 Our final sample is an unbalanced dataset that includes 17399 observations for 31 advanced countries, 7130 8 The asymptotics of the estimator under general regularity conditions are provided in Theorem 2.2 of Kumbhakar et al. (2007) . Initial conditions are chosen as described in section 3.1 of Kumbhakar et al. (2007) in connection to Gozalo and Linton (2000) . We used the FilterSD software which is written in Fortran77. 9 We exclude banks for which: (i) we had less than three observations over time; (ii) we had no information on the country-level control variables; (iii) we had no information of nonperforming loans. We follow the alternative profit function approach Mester, 1997, and Mester, 2003) . As in the empirical application we employ a global sample, the alternative profit function is appropriate because it would consider the different degree of competition across bank industries, whilst it also takes into account the effect of quality of outputs on revenues and costs. In addition, during the sample period the financial crisis took place, and the alternative profit efficiency would sufficiently captures any diversity in responses by banks to the crisis.
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Thus, we measure the alternative profit as ln(Π + |Π min | + 1), where profits is Π and minimum profits |Π min |. Adding the absolute minimum profit and one to profit ensures that we have positive values. We include three bank outputs: net loans (y 1 ), other earning assets (y 2 ), and off balance sheet items (y 3 ). There are three input prices: price of fund (w 1 ) is the ratio of total interest expenses to total customer deposits; price of physical capital (w 2 ) is defined as other operating expenses over fixed assets; and price of labour (w 3 ) is calculated as personnel expenses divided by total assets. Equity (E) is included as a netput (Berger and Mester, 1997) , and nonperforming loans (NPL) 10 The alternative profit would be the dependent variable in our framework and replaces the cost.
is considered as a negative quasi-fixed input (Hughes and Mester, 2010) . The summary statistics of these variables are provided in Table 1 for each country-group.
Interestingly, we notice that the average amount of nonperforming loans in advanced economies' banking industries is almost twice that in emerging economies and eight times that in developing economies.
[
INSERT TABLE 1 ABOUT HERE]
Given that during the period of our sample there have been episodes of high risk, we take into bank-specific risk in the estimation of the efficiency scores. To this end, we opt for the z-score as a measure of insolvency risk at bank level. This is defined as zscore= (1+ ROE)/σ ROE , where ROE is the return on equity and σ ROE is the estimate of standard deviation of ROE. In addition, to take into account of liquidity risk we employ the ratio of liquid assets over total assets. 11 Lastly, we also use the ratio of equity over total assets to take into account capital risk (Athanasoglou et al., 2008; Lepetit et al., 2008) . High capital ratio would imply low capital risk, i.e. equity is a buffer against financial instability. Descriptive statistics also show that banks in emerging and developing countries are more capitalized and have more liquidity than banks in advanced economies.
To capture other potential determinants of efficiency, we use a number of bankspecific and country-level control variables. Table 1 reports country-group averages of the control variables. With regard to the bank-specific variables, we use the natural logarithm of total assets to proxy for the size of banks (Galán et al., 2015) . We further employ a non-interest income ratio, estimated by the sum of the net fees and commissions over total assets, and securities over total assets ratio to proxy or the non-lending activities of banks. 12 Moreover, we control for the impact of financial conditions and include a crisis dummy that takes the value of 1 for the [2007] [2008] [2009] years, and 0 otherwise. Following a number of cross-country studies that examine bank performance (Barth et al., 2004; Galán et al., 2015; Tzeremes, 2015) , we also account for cross-country differences in macroeconomic and structural conditions. To control for the general level of economic development, we use real GDP per capita.
We also use inflation to capture the monetary stance and the value of total shares traded on the stock market exchange to control for the market size of an economy.
Lastly, we use population density in order to proxy for the demand density in each country.
13
12 Lozano-Vivas and Pasiouras (2010) opt for non-interest income and off balance sheet (OBL) items as additional bank outputs for a global sample. Their results show some variability, as the inclusion of OBS has no statistical significant effect on efficiency, whereas non-interest income has some significant effect. However, the authors demonstrate that the inclusion of these additional bank outputs would not affect the direction of the impact of the main determinants of efficiency. 13 In recent years there is a strand of literature that highlights issues related to the impact of regulation on bank efficiency. Gaganis and Pasiouras (2013) , and Mamatzakis et al. (2015) provide evidence that regulation at the country level could affect bank efficiency. Bank regulation and bank supervision is an important topic that would warrant further investigation, also in light of the fact that such regulation is very defragmented, not only at a global level, but also within currency unions such as the euro area. Only in recent year there is some progress to a unified bank supervision framework in the euro area with the ambition to become a banking union. The defragmentation of bank regulation across the world poses challenges, as there is not a widely accepted way of counting for bank regulation, in the econometric estimation of bank efficiency. Some indexes that capture bank regulation have been proposed, for example indexes of the Heritage Foundation. The drawback of opting for such indexes is that they show very limited time variability as they are based on survey data that are not annually revised. As the aim of the present study is to study adjustment costs that are observed in the short term and are time varying, introducing variables that are mainly of long-term nature would not benefit our analysis.
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EMPIRICAL RESULTS
The Local Linear Maximum Likelihood that we propose in log likelihood (13) has the main advantage that it provides a fit for every observation in the sample, whilst we can also compute, numerically, elasticities of the form of Equations (2) 
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19 affected by the financial crisis compared to developing and advanced economies.
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The question that now emerges is whether adjustment costs in variable inputs could provide an explanation regarding the observed heterogeneity in bank efficiency across the world since the financial crisis?
[INSERT FIGURE 2 ABOUT HERE] Figure 2 augments the findings of Figure 1 and presents the density functions of bank alternative profit efficiency for the three groups of our global bank sample. The density functions reveal some tail effects across all groups, in particular in advanced and emerging economies. Moreover, the densities show evidence of non-normality with the density of developing economies being bimodal, revealing the presence of at least two sub-groups. 16 The positive skewness of the density in advanced economies may also indicate multiple groups with about the same means but different variances.
[INSERT FIGURE 2 ABOUT HERE]
In Table 2 we present the alternative profit bank efficiency scores per country in advanced economies. Among 31 advanced economies, banks in Portugal and Greece 15 Although to the best of our knowledge there is no study that applies a global sample, there are some recent studies for emerging economies (Galán et al. 2015; Tzeremes, 2015) that report upwards trends in efficiency. 16 In what follows we are focusing in much more detail in the heterogeneity of efficiency scores across countries in the emerging economies. However, it is worth emphasizing that this bimodal density function clearly indicates two unequal modes, a small and a large one, with two different means and variances.
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are the least efficient with average efficiency at 0.71. 17 On the other hand banks in Australia, UK, Belgium, Germany, Denmark and the US show strong performance around 0.92. Our finding for US banks supports the results of Tsionas (2015) .
Similarly, strong bank performers at around 0.85 are Austria, Canada, Czech
Republic, France, Israel, Japan, New Zealand, Singapore, and Switzerland.
[INSERT TABLE 2 ABOUT HERE] Table 3 [
INSERT TABLE 3 ABOUT HERE]
17 Bank efficiency scores for European countries are broadly in line with previous findings in the literature (see Koutsomanoli-Filippaki and Mamatzakis, 2009) , though the present findings are somewhat at the low end of the former.
A C C E P T E D M A N U S C R I P T 21
Lastly, Table 4 shows significant variability in bank alternative profit efficiency across developing countries. For example, banking industry in Botswana, Cambodia and Ethiopia appear to be much less efficient, at an average bank efficiency level of around 0.55, compared to other countries in this group. The highest efficiency is reported for banks in Jordan at 0.9, followed by banks in Andorra and Croatia.
INSERT TABLE 4 ABOUT HERE]
For purpose of comparison, we have also estimate the bank profit efficiency for each country according to geographic region. 18 Results appear to be similar to the ones reported above. Amongst six regions, banks in Europe, in Japan and in USA are the most efficient with an average efficiency of 0.88.
Adjustment costs in funds (F), physical capital (K) and labour (L).
The main message we extract from Figure 1 is that efficiency in advanced and developing economies is losing dynamism if compared to emerging economies in recent years that is during the post financial crisis period. Herein we report the adjustment costs in efficiency due to funds, physical capital and labour (see Table 5 ) 18 The classification follows the one proposed by IMF World Economic Outlook. Moreover, to safeguard that there is not a sample selection bias in the efficiency scores across countries we follow the geographical classification of IMF as: Europe, Latin America and the Caribbean, Asia/Pacific Middle East, North Africa, Afghanistan, and Pakistan, Commonwealth of Independent States, and SubSaharan Africa. The range of bank average efficiency across the world is similar to the results reported herein and in average there is a variation between 0.6 and 0.9, except for some sub Saharan countries where very low bank efficiency scores are reported. Results are available under request.
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for each country-group. Adjustment costs are measured in terms of percentage change in bank profit efficiency due to percentage changes in variable bank inputs.
Overall, the reported adjustment costs satisfy the monotonic condition and linear homogeneity constraints of the alternative profit function. Table 5 reports these adjustment costs in terms of percentage changes in alternative profit efficiency due tp variable inputs changes. Moreover, the results show that the adjustment cost in funds is the largest in magnitude across the world, whereas it reaches its highest level for developing economies at -0.52%, whereas it is -0.43% and -0.46% for advanced and developing countries respectively. The adjustment cost for funds in developing economies, for example, implies that a one % increase in adjustment cost in funds will period that is in contrast with the trend in emerging and advanced economies. This persistence in adjustment costs could explain why bank profit efficiency recovery in developing economies is lagging behind during the post financial crisis period.
Moreover, Figure 3 shows the adjustment cost for capital, labour and funds across countries. It demonstrates further that in advanced economies labour adjustment costs sway substantially upon profit efficiency compared to adjustment costs in emerging and developing economies. On the other hand, the adjustment costs in funds continue to play the dominant role in developing economies, and to less extend in emerging economies in recent years.
[INSERT FIGURE 3 ABOUT HERE]
The effect of control variables on alternative bank profit efficiency.
We turn next our attention of the impact of bank risk and control variables on bank profit efficiency as follows:
where is the alternative profit efficiency of a bank i at a time t; it is a vector of bank risk variables; it is a vector of bank-specific and country-level control variables; is the error term.
Our regressions reveal that higher risk exerts a negative impact on profit efficiency for all three country-groups considered in our sample. According to the 'bad management hypothesis' (Berger and Mester, 1997) banks with higher risk (lower
values of z-score) would divert additional resources from day-to-day activities to screening and monitoring operations that in turn would increase bank operational costs and consequently reduce bank profit efficiency. Those results complement
Tsionas (2015) who has emphasized the importance of risk for bank performance.
[ INSERT TABLE 6 ABOUT HERE]
Regarding the impact of liquidity risk, as measured by the liquidity ratio, results show that it has a negative impact on bank profit efficiency. Turning to the impact of capital ratio, results report a negative effect of equity over total assets on efficiency at the 1% significance level across all three groups of countries. This finding is line with the 'agency cost hypothesis' (Jensen and Meckling, 1979) , as a decrease in leverage, for example through an increase of equity over total assets, would raise agency costs.
According to this hypothesis bank managers would have the incentive to increase the risk-taking activities due to the absence of the liquidation threat that exists when a bank increases its debt and thereby decreases its capital. The final outcome would be a decline in bank profit efficiency.
Regarding the remaining bank-specific control variables, we find that the non-interest income is negatively associated to efficiency across all groups, but it is significant only for the advanced economies. The reason could be that banks with high noninterest income in advanced economies perform worse than banks with low noninterest income. This is so because non-interest income is more volatile than interest income, which in turn would reduce efficiency. On the other hand, in emerging and developing economies as banks focus primarily on interest income operations the
impact of non-interest income is insignificant. Note that the ratio of securities over total assets has a statistically significant and negative impact on efficiency for all banks in the sample. With respect to the country-level control variables, we find that GDP per capita exerts a negative and significant impact on efficiency of banks in all country-groups. This suggests that increases of GDP per capita could raise banking costs stemming from higher operating expenses to supply a certain level of services.
On the other hand, there is a positive correlation between efficiency and inflation, suggesting that banks across the world benefit from managing inflation expectations, and gain in terms of performance. Results further show a negative relationship between population density and efficiency, but it is significant only for developing economies. This result insinuates that in developing countries where there is a higher population density it is rather expensive to perform banking operations. Market size has a negative and significant effect for all banks in the sample. Therefore, an increase in the value of total shares traded on the stock market exchange would negatively affect efficiency. Lastly, the trend variable suggests that in developing economies bank efficiency steadily increases over time.
Conclusion
In this paper, we employ a novel model to measure bank alternative profit efficiency whilst we derive adjustment costs in capital, labor and funds associated to changes in efficiency. Moreover, the proposed model has certain complexities that we overcome by employing a non-parametric Local Linear Maximum Likelihood (LLML).
In the empirical section, we opt for a global banking sample and report robust bank profit efficiency scores across a plethora of countries across the world. It appears that Notes: The Table reports the average values of variables used for estimation in each group of economies. Total assets; Alt profit is the alternative profit; total costs = total interest expenses + overheads; net loans = gross loans -nonperforming loans; other earning assets; off balance sheet items is OBL; nonperforming loans; equity are reported in thousand USD. Price of fund = total interest expenses/total customer deposits; price of physical capital = other operating expenses/fixed assets; price of labour = personnel expenses/total assets. Z-score= (1+ROE)/ (Standard Deviation of ROE); Size= natural logarithm of total assets; Capital ratio = equity over total assets; Liquidity ratio= liquid assets over total assets; Non interest = net fees, commission and trading income over total assets; Securities/TA= total securities over total asset. As country variables we employ: GDP per capita; Inflation; Population density is the number of people per square kilometer; Market size= value of total shares traded on the stock market exchange. A C C E P T E D M A N U S C R I P T 36 Notes: Authors' estimations. Units of measurement are adjusted so that the lowest value is zero and the maximum value is one.
